Using micro data covering almost 500,000 Japanese households over the period 1983-2012, we examine to what extent household consumption responds to changes in housing wealth. To do so, we estimate the housing wealth of individual households by matching several official statistics. Employing cross-section and pseudopanel-based regressions, we find that the marginal propensity to consume (MPC) out of housing wealth is approximately 0.0008-0.0013 for nondurable consumption and 0.0059-0.0082 for total consumption. We further find that the consumption response of older households is larger than that of younger households, which is consistent with the pure wealth effects hypothesis.
Introduction
A substantial number of studies have highlighted the existence of a positive correlation between housing price growth and household consumption in developed economies observed in aggregate data. 1 Looking at the case of Japan, Figure 1 shows the growth rate of the price of (residential) land per square meter and household final consumption expenditure (excluding the imputed service of owner-occupied dwellings) over the period . For Japan, changes in land prices per square meter can be considered as a counterpart to housing prices in previous studies, since in Japan approximately 85% of the value of residential properties derives from the value of the land on which a property sits (while the rest derives from the value of the property itself), as shown later in Table 1 . The correlation coefficient between the two series is about 0.54, which is comparable to the correlation coefficients reported for other developed countries (see footnote 1).
Takeshi Niizeki is the corresponding author. Notes: All monetary variables are in 10,000 yen. Housing-related expenditures are subtracted from total consumption. Annual income is the previous year's pretax annual income. Net financial wealth is calculated by subtracting outstanding debt from financial wealth. The observation period is 1983-2012. As for financial wealth and debt, only a limited number of households were surveyed before 2002. Capital gains are calculated by taking the first difference of the land value based on the assumption that, normally, the land area for each household is constant over time.
However, the correlation observed in aggregate data may simply reflect macroeconomic factors such as the business cycle. A number of studies consequently have utilized microdata to investigate whether a positive correlation between the two series can still be observed after controlling for aggregate factors and household demographic variables. Although these studies have produced conflicting results, a majority found a significant positive relationship. 2 Yet, the existence of a positive correlation even after controlling for aggregate and household demographic effects does not mean that causality necessarily runs from housing prices to household consumption. That is, it is possible that the observed positive correlation largely reflects a third factor such as changes in income growth expectations. If households revise up their future income expectations, their current (non-housing) consumption and housing demand may increase simultaneously, provided that housing supply is irresponsive to changes in expectations in the short run. In this case, there is no causality from housing prices to household consumption.
If causality is found, there are two possible theoretical explanations for this phenomenon. The first (pure wealth effects) explanation is based on the standard life cycle/permanent income hypothesis (LC/PIH), which assumes that households' consumption follows developments in their lifetime wealth. Therefore, if unanticipated housing price changes lead to changes in the lifetime wealth of individual households, housing prices and consumption are expected to move simultaneously in the same direction. The second (collateral effect) explanation focuses more on the role of housing wealth as collateral, which households can use to borrow funds to raise consumption to the optimal level. That is, borrowing-constrained homeowners can borrow more to increase consumption when housing prices go up, giving rise to the positive housing price-consumption correlation.
Against this background, the present study, using high-quality data on household-level income, expenditure, and asset holdings covering almost 500,000 households taken from the Japanese Family Income and Expenditure Survey (FIES) over the period 1983-2012, examines (i) to what extent Japanese household consumption is correlated with changes in housing wealth, and (ii) what the most likely reason for the co-movement of the two series is. For this purpose, we first conduct a cross-section analysis 3 following Attanasio and Weber (1994) and Attanasio et al. (2009) . Then, as a robustness check, we create a pseudo-panel from the FIES and reexamine housing wealth effects in the pseudo-panel following Campbell and Cocco (2007) .
The novelty of the current study compared to previous studies is that we are able to exploit a relatively rich dataset. First, the large sample size with almost 500,000 households enables us to identify housing wealth effects with unparalleled precision. It also makes it possible to construct a sufficiently reliable pseudo-panel of synthetic cohorts. Second, the long coverage of our dataset , which contains Japan's economic bubble period (from the late 1980s to the early 1990s) with dramatic asset price developments, enables us to examine the extent to which volatile movements in land prices cause changes in household consumption.
Third, in our dataset, it is possible to decompose changes in housing wealth into (a) changes in land prices per square meter and (b) changes in land area measured in square meters. This decomposition is essential to avoid endogeneity since the former can be treated as exogenous whereas the latter is, in general, endogenous for most households. Fourth, the rich information contained in the FIES, which collects data on income and expenditures by detailed category for individual households on a diary basis (and not through retrospective questionnaires), allows us to examine housing wealth effects in Japan in a reliable manner. In our empirical analysis, we use both total consumption (excluding housing-related expenditures) and nondurable consumption as dependent variable. While a number of studies focus on the former, i.e. total consumption, the latter is often preferable, especially when examining the validity of the LC/PIH. 4 Moreover, some previous studies even fail to exclude housing-related expenditure from their total consumption due to a lack of data. This is potentially problematic, since housing rent (which represents a major part of housing-related expenditure) is likely to increase when land prices rise, causing an upward bias in housing wealth effect estimates.
However, our dataset also has several drawbacks. For example, since the FIES is a cross-sectional dataset, we need to control for unobserved heterogenous household permanent income to identify the housing wealth effects on household consumption. Note that if we had a panel dataset, we could use the growth rate of consumption (not the level of consumption) as the dependent variable, since this, according to the standard LC/PIH, does not depend on permanent income. In addition, the FIES does not contain any questions about households' preferences such as their frugality. However, failure to control for household preference may lead to biased estimates. To address these drawbacks, we employ a variety of techniques such as regression with restricted samples and pseudo-panel analysis. See the discussion in Section 3 for more details. Finally, the FIES does not provide self-reported values of households' housing wealth. Thus, we directly estimate the housing wealth of individual households by matching several official statistics (see the Appendix for details of the data construction). Although the approach we employ, which takes heterogeneity in land prices within a municipality into account when estimating housing wealth, is still not immune to measurement error, we believe that it is, at least, better than simply employing regional average housing prices as in Campbell and Cocco (2007) and Attanasio et al. (2009) .
Using the estimates obtained in the regression analysis, in Section 5 we also examine the extent to which changes in household consumption at the macroeconomic level during the bubble (1986) (1987) (1988) (1989) (1990) (1991) and the collapse of the bubble (1991) (1992) (1993) (1994) are explained by the swings in land prices per square meter depicted in Figure 1 . To the best of our knowledge, this is the first attempt to conduct this exercise based on Japanese micro data.
The remainder of the study is organized as follows. The next section provides a review of the related literature and introduces our FIES-based micro dataset, while Section 3 describes our empirical strategy and estimation methodology. Section 4 then presents the results (of both the cross-section and pseudo-panel-based regressions) and discusses their implications. Section 5 discusses some macroeconomic implications of the estimates obtained in Section 4. Finally, Section 6 concludes.
Related Literature and Data Construction

Literature Review
Following the strategy proposed by Attanasio and Weber (1994) , which is summarized in Atalay, Whelan, and Yakes (2014) , we compare the marginal propensity to consume (MPC) out of housing wealth between old and young households to find the most plausible explanation for the co-movement of land prices and household consumption. If the estimated MPC is larger for older than for younger households, household behavior is consistent with the pure wealth effects hypothesis, since the standard LC/PIH predicts that those with a shorter remaining life-span should consume a larger part of windfall gains such as an increase in housing wealth than those with a longer remaining life-span, i.e. the young, provided that bequest motives do not play a role. On the other hand, if the consumption of younger households is more responsive to changes in housing wealth than that of older households, this behavior would be consistent with either the collateral or the common factor hypothesis. In this case, we further investigate whether household consumption responds to anticipated increases in housing wealth. If household consumption is responsive to anticipated rises in housing wealth, we conclude that the collateral hypothesis is the most plausible explanation. If not, the third factor hypothesis is chosen as a major explanatory factor for the co-movement of land prices and household consumption in Japan.
Empirical studies examining the different possible explanations arrive at different conclusions depending on the country they focus on and the type of data used. Using a pseudo-panel of households in the U.K., Campbell and Cocco (2007) show that the nondurable consumption response to changes in housing prices is highest for old homeowners and lowest for young renters, providing support for the pure wealth effects hypothesis. On the other hand, panel data-based studies on the U.S. (Cooper 2013) and Australia as well as a cross-sectional study on Australia and Canada appear to support the collateral effect hypothesis. Finally, the common factor effect hypothesis is supported by crosssectional studies on the U.K. (Attanasio and Weber 1994; Attanasio et al. 2009 ), as well as by a panel-based study on Australia .
Another issue this study focuses on is the magnitude of the housing wealth effect, i.e. the MPC. Previous studies on the estimated magnitude can be broadly categorized into the following three groups. 5 The first group consists of studies that do not obtain a statistically significant relationship between housing prices and consumption. For instance, Skinner (1989) , using the Panel Study of Income Dynamics (PSID) in the United States, finds no statistically significant coefficient once fixed effects are controlled for. More recently, Browning, Gortz, and Leth-Petersen (2013), employing Danish household-level panel data, distinguish anticipated price changes from unanticipated ones by estimating the housing price stochastic process and show that household consumption is irresponsive even to unanticipated price changes, which contradicts the prediction derived from the standard LC/PIH. The second group consists of studies reporting modest MPCs out of housing wealth, somewhere between 0 and 0.03. The estimated MPCs are as follows: 0.0077-0.0095 (Christelis, Georgarakos, and Jappelli 2015) for the United States in the wake of the Great Recession, 0.005-0.009 (Disney, Gathergood, and Henley 2010) for the U.K., 0.006-0.023 for Canada, 0.002-0.017 for Australia, 0.011-0.024 (Paiella 2007 ) and 0.011-0.034 (Paiella and Pistaferri 2017) for Italy, and 0.02 (Gan 2010) for Hong Kong.
The third group reports a relatively large MPC out of housing wealth. For the United States, Mian et al. (2013) , using county-level panel data from 2006 to 2009, show that the MPC is 0.054, 6 whereas Cooper (2013) and Pistaferri (2016) , employing the PSID, find that the MPC is somewhere in the region of 0.037-0.070. For Canada, Bhatia and Mitchell (2016) employ the hedonic approach to estimate housing prices and conclude that the MPC is 0.039-0.054.
Turning to Japan, there are only a limited number of studies on the housing wealth effect based on micro data (including prefectural data) and, as for other developed economies, a consensus has yet to be reached. Using prefectural panel data, Dekle (1994) and Ogawa et al. (1996) arrive at opposite findings. While the former finds statistically significant housing wealth effects, the latter show that the positive co-movement disappears once financial wealth is controlled for. Using household-level panel data from the Japanese Panel Survey of Consumers (JPSC), Hori and Shimizutani (2004) also do not detect statistically significant housing wealth effects among Japanese households. More recently, Naoi (2014a Naoi ( , 2014b , employing household-level panel data from the Keio Household Panel Survey (KHPS), has shown that the elasticity of total consumption with respect to self-reported housing wealth might be about 0.01% in Japan, although whether the estimated coefficients are significant depends on the model specification.
Data Description
Family Income and Expenditure Survey
This study uses microdata from the FIES collected between 1983 and 2012. The FIES is conducted monthly by the Ministry of Internal Affairs and Communications and is an important source of information for the construction of aggregate data such as the Consumer Price Index (CPI).
The FIES provides detailed information on household characteristics, income, expenditures, and financial asset holdings for a nationally representative sample of about 8,000 households each month. Each household is surveyed for a period of 6 consecutive months, and one-sixth of the sample households are replaced by new households every month. 7 As data on financial assets are not available for single-person households, we use multiple-person households only in the empirical analyses below. We also dropped households whose housing tenure status changed during the 6-month period as well as households whose head is less than 20 years old, since their consumption patterns are likely to contain a considerable amount of noise. The resulting total number of households is 497,661 (consisting of roughly 360,000 homeowning and 140,000 renting households).
The FIES requests survey respondents to keep a diary to report monthly income and expenditures, which is believed to be more accurate than information obtained from retrospective question-based surveys. The FIES also contains information on the previous year's pretax annual household income and a wide variety of household characteristics such as the age of the household head, the number of household members, etc. Information on financial assets and liabilities is also collected once during the six-month survey period, for a limited number of households before 2002 (approximately 18.2% of 316,390 households) and for almost all sample households from 2002 onward. As for housing wealth, while the FIES unfortunately does not contain information on housing wealth itself, we can obtain information on the approximate residential address, the housing tenure status (homeowner or renter) for all households, and the floor space, land area, structure of the dwelling, and year of construction of the dwelling for homeowner households. Therefore, the next subsection briefly describes how we estimated the value of housing wealth for individual households from that information.
Estimation of Housing Wealth
Housing wealth consists of two parts: a house (building) and the land on which it sits. Since approximately 85% of housing wealth in Japan derives from the value of land (see Table 1 ), we describe the estimation methodology for the latter (land assets) first and then turn to the estimation of the former (house assets).
Although households may hold multiple houses, the FIES does not provide any information about additional houses. Thus, we restrict the estimation of household housing assets in this study to the value of households' current home. 8 To estimate the value of residential land assets owned by individual households, we determine the approximate address where sample households lived (to the greatest level of precision possible using multiple official statistics 9 ) and use the price of residential land at the closest survey location 10 in the Land Market Value Publication (LMVP) provided by the Ministry of Land, Infrastructure, Transport and Tourism (MLIT) 11 as the relevant land price. Finally, we estimate the nominal value of survey households' residential land assets by multiplying the land price per square meter at the location closest to households' approximate address determined in the manner just described and the land area (square meters) of their home reported in the FIES.
Turning to the estimation of the value of survey households' house, the FIES provides information on the floor space (in square meters), the structure of the dwelling (wooden, reinforced concrete, etc.), and the year of construction. Following the method employed by Takayama et al. (1989) , we match the FIES data with data on average construction costs (by type of building structure, municipality, and construction year) reported in the Annual Report of Building Construction (ARBC) to calculate the value of house assets. The house value is basically constructed by multiplying the construction cost per square meter by the total floor space homeowners report. Then, the house value evaluated in this manner is depreciated up to the survey year using certain depreciation rates that depend on the structure of the dwelling. 12 Table 1 presents the basic statistics of major variables in the dataset we constructed in the manner described above. The mean of housing wealth for homeowners is about 32.6 million yen, and 85.7% of it derives from the value of land, as highlighted in Section 1. The annual average of capital gains from land for homeowners, calculated as the current year's land value minus the previous year's land value, is negligible. However, if the observation period is split into the bubble period (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) and the post-bubble period , the annualized average capital gains (losses) are 2.48 million yen and -1.01 million yen, respectively. These relatively large capital gains (losses) mean that it is possible that housing wealth effects can be observed.
Methodology
To examine housing wealth effects, we employ the theoretical prediction of the standard LC/PIH that current consumption depends on current asset holdings and human wealth (i.e. the discounted sum of expected future income). Since human wealth is unobservable, it is proxied by household income, 13 the industry in which the household head works, and the type of work 14 of the household head. Thus, the consumption function takes the following form:
where is the annualized 15 household consumption, is the housing wealth, and is the net financial wealth (financial wealth minus outstanding debt) of household . is a vector of control variables that include the previous year's (pre-tax) household income, 16 the industry in which the household head works, and the type of work of the household head in order to control for heterogeneous human wealth; the age of the household head, family size, the number of household members aged 65 and over, and the number of household members aged 15 and under to control for household needs at different life stages; and the sex of the household head and the prefecture of residence to control for other factors affecting household consumption. Dummies for the first month in which a household was surveyed as well as year dummies are also included to adjust for seasonality and eliminate the effects of common macroeconomic factors. In addition, following Attanasio and Weber (1994) and Attanasio et al. (2009) , cohort dummies are created based on 19 ranges for the year of birth (-1919, 1920-1922, …, 1968-1970, and 1971-) and added as independent variables to control for cohort effects. All monetary variables are converted into real terms using prefectural CPIs. Prefectural CPIs instead of the nationwide CPI are employed to eliminate regional differences in price levels as much as possible. 17 For the same reason, an urban dummy, which takes unity if the household lives either in the capital, Tokyo, or one of the government-designated cities, 18 is also included in the regression to control for the difference in price levels between urban and rural areas. Eq. (1) is estimated using ordinary least squares (OLS).
Before presenting the benchmark results, we should draw attention to potential endogeneity issues with regard to eq. (1). We believe that the error term may contain at least three possible omitted variables. The first of these is whether households just purchased a new house. Households that recently purchased a new house may be likely to also buy durable goods such as a refrigerator and/or washing machine as well as nondurable goods such as curtains. In this case, the impact of new housing purchases would be picked up by the error term, resulting in omitted variable bias. Fortunately, the FIES contains information on the year of construction of homeowners' dwelling. We therefore dropped from our sample homeowners that live in a house that is no more than one year old in order to eliminate to the greatest extent possible the potential endogeneity problem caused by recent housing purchases. 19 The second possible source of omitted variable bias is that other factors apart from those included in our estimation may affect permanent income. As mentioned, we include household income, the industry in which the household head works, and the type of work of the household head in the regression as proxies for households' permanent income. Although the industry of occupation dummies enable us to control for differences in average permanent incomes between, say, the mining industry on the one hand and finance and insurance on the other, it does not allow us to consider differences in permanent income among workers within such broad industry classifications, such as between workers at major city banks and small regional banks. 20 In this study, we try to overcome this potential omitted variable bias in two ways. The first is based on the fact that, in the framework of the standard LC/PIH, lifetime resources consist of (i) housing wealth, (ii) net financial wealth, and (iii) human wealth, and that the share of human wealth becomes negligible after retirement. Since the former two variables are already included as explanatory variables in our analysis, this means that we can essentially control for households' entire permanent income if we confine our sample to retired households. The estimation result of this additional exercise will be reported in Table 2 below. The second way in which we try to alleviate possible omitted variable bias is to utilize the (pseudo) panel, the construction of which is described in Section 4.2 below and which enables us to take the first difference of logged variables. According to the standard consumption Euler equation, the growth rate of consumption depends on the subjective discount factor and real interest rates, but not permanent income. Thus, employing pseudo-panel data may be another possible solution to address the omitted variable bias. 
Notes:
The dependent variable is annualized nondurable or total consumption (excluding housing-related expenditure). All regressions include the age, sex, industry of occupation, and type of work of the household head, the previous year's (pre-tax) income, the prefecture of residence, family size, the number of household members aged 65 and over, the number of household members aged 15 and under, year dummies, cohort dummies, an urban dummy, and first month of the survey dummies. All monetary variables are converted into real terms using prefectural CPIs and are in 10,000 yen. The dummy "Young" takes one if the head of household is aged 40 or below and zero otherwise. Robust standard errors are in parentheses. ***, ** and * indicate statistical significance at the 1, 5, and 10% levels, respectively.
The results of the test that examines whether the MPC out of housing wealth for young households is statistically different from zero are shown at the bottom of the table.
The third possible omitted variable in eq. (1) is household preferences. For instance, more frugal households tend to forgo consumption today in order to accumulate wealth. Thus, unobserved household frugality potentially causes the OLS estimator for 1 to be downward-biased. Employing the pseudo-panel data already mentioned will eliminate the impact of household preferences and other time-invariant unobserved factors.
Overall, while we think that most of the possible omitted variable bias due to the first two sources is controlled for by employing the methodologies mentioned above, we recognize that the last source, household preferences, may still be present in the error term in eq. (1) unless the pseudo-panel data are employed. Nevertheless, employing the cross-sectional analysis provides a useful starting point, for the following two reasons. First, while the pseudo-panel data allow us to eliminate the effects of time-invariant unobserved factors, constructing the panel from the cross-sectional data we end up with a much smaller sample (consisting of about 1,000 observations compared to 200,000-500,000 observations in the cross-sectional data) and hence much smaller household heterogeneity. Second, as discussed in detail in Section 4.2, Attanasio et al. (2009) and Campbell and Cocco (2007) reach different conclusions regarding the most plausible explanation for the positive correlation between housing prices and household consumption based on the same British cross-sectional micro data, the Family Expenditure Survey (FES). Specifically, while Attanasio et al. (2009) use the data for cross-sectional analyses and show that, among the different age groups, the MPC is largest for the young, leading them to conclude that the common factor hypothesis is the most plausible, Campbell and Cocco (2007) construct a pseudo panel from the same dataset and show that the MPC is largest for older homeowners, which is consistent with the pure wealth effects hypothesis. It is worth investigating whether the same conflicting results depending on the type of analysis employed are also observed when using Japanese household microdata.
Results
Cross-Sectional Analysis
The estimate of 1 can be interpreted as the MPC out of housing wealth, since both consumption and housing wealth in eq. (1) are in levels. Table 2 reports the estimation results using nondurable and total consumption (excluding housing-related expenditure) as the dependent variable. In specifications (1) and (5), which make full use of the large sample size, the MPC out of housing wealth is 0.0010 for nondurable and 0.0033 for total consumption. Specifications (2) and (6) show that controlling for net financial wealth leaves the estimated MPCs essentially unchanged. 21 The results for specifications (3) and (7), which, as in Campbell and Cocco (2007) , include a dummy for young households where the head of household is aged 40 or under, indicate that the MPC of younger households is smaller than that of older households and that the difference is statistically significant at the 1% level, which is consistent with the pure wealth effects hypothesis. 22 Finally, in specifications (4) and (8), the sample is confined to households whose head is aged 65 or older to eliminate the potential bias arising from imperfectly capturing the human wealth component of permanent income. The MPCs are 0.0014 for nondurable and 0.0033 for total consumption -values that are not very different from the estimates in specifications (2) and (6) . We can therefore conclude that our estimates of 1 do not suffer from omitted variable bias caused by the unobserved component of human wealth.
While international comparisons of MPCs are anything but straightforward due to differences in the definition of consumption (nondurable, total, etc.), measures of housing wealth (self-reported, national/regional prices, hedonically estimated prices), sample coverage (nationally representative, only homeowners, etc.), estimation methodology (OLS, instrumental variable, etc.) , and data structure (cross-section and panel), it nevertheless appears that our estimated MPCs are close to the lower end of estimates reported for developed countries. However, it is possible that the low MPC estimates may simply be the result of downward bias due to the omission of time-invariant household preferences. In the next subsection, we attempt to resolve this issue by creating a pseudo-panel dataset.
Pseudo-Panel Analysis
This subsection presents the construction of the pseudo-panel dataset. The pseudo-panel technique was pioneered by Deaton (1985) and Browning, Deaton, and Margaret (1985) and can be used in a situation where only repeated cross-sectional data are available. In this technique, cohorts usually defined as a group of different birth years (for example, born between 1950 and 1952) are created from the repeated cross-sectional data and tracked through such data over time. In each cohort, household-level observations are replaced with cohort means. While we lose the heterogeneity within a cohort using this approach, it provides us with data in the form of a panel.
The reasons for constructing such a dataset are as follows. First, such a dataset enables us to control for all time-invariant factors affecting consumption. Second, as highlighted in Section 3, studies for the U.K. arrive at exact opposite conclusions depending on whether cross-sectional ) or pseudo-panel analysis (Campbell and Cocco 2007) is employed. By carefully examining and ruling out other possible factors that could be responsible for the conflicting results of the two studies, such as different observation periods or definitions of consumption, Cristini and Sevilla (2014) show that the cause of the conflicting results is the different estimation specifications used. Specifically, while Campbell and Cocco (2007) (2007), we create a pseudo-panel from the crosssectional FIES data and examine whether the results obtained in Section 4.1 are affected by controlling for unobserved time-invariant individual effects and how the consumption function is specified. We create 38 cohorts based on 19 ranges for the year of birth (-1919, 1920-1922, …, 1968-1970, and 1971-) and the urban dummy for households living in Tokyo or one of the government-designated cities. Thus, in contrast with Section 4.1, where simple cohort dummies were used, in this section we also distinguish cohorts in terms of whether they live in urban or rural areas. The reason is that housing wealth volatility historically is larger in urban than in rural areas, which is likely to result in greater variation in the key explanatory variable (Δ ln , +1 ). Figure 2 provides an illustration of the approach of tracking cohorts through cross-sectional FIES data over time. The figure focuses on those belonging to the cohort born between 1950 and 1952 and living in an urban area as an example. Among all households surveyed by the FIES in 1983, 533 households had a household head born between 1950 and 1952 and were living in an urban area. In this cohort, the age of the household head in 1983 ranges from 31 to 33 years old. We pick the middle of the age range and treat all members of this cohort as 32 years old. The real annual total consumption (excluding housing-related expenditure) of these households ranges from 689,495 yen to 8,008,400 yen and the mean over the 533 households is 2,424,230 yen (not shown in Figure 2 ). We treat the mean value (2,424,230 yen) as the real annual total consumption (excluding housingrelated expenditure) of this cohort when it was 32 years old. In the next year, there were 796 households in the FIES with a household head born between 1950 and 1952 and living in an urban area. Note that these are not the same households as those observed in 1983. We calculate the mean of real annual total consumption (excluding housing-related expenditure) over the 796 households and treat this as the consumption level of this cohort when it was 33 years old. Continuing this exercise until 2012, we finally obtain 30-year panel data as if we tracked the same household over time. This is the reason why data constructed in this manner are called a pseudo-panel. We conduct the same calculation for all 38 cohorts (=19 birth year groups × 2 areas), and for each cohort, our panel contains observation for 30 years. Thus, the theoretical number of observations is 1,140 (=38 cohorts×30 years) in our pseudo-panel dataset. However, the actual number of observations used for estimation is a little smaller, for the following two reasons. First, the panel is unbalanced, simply because for some cohorts there are no observations for certain years. For instance, household heads in the cohort born between 1968 and 1970 were 13-15 years old in 1983 and the FIES for obvious reasons does not contain any households with heads that young. Second, even though a certain cohort cell may contain some observations (for example, the cohort cell for 1983 in Figure 2 contains 533 observations), like Attanasio, Kovacs, and Molnar (2017) , we decided to drop cells containing less than 100 households. This restriction is important to obtain reliable mean values that are immune to outliers within a cohort cell.
The estimation equation is based on the following consumption Euler equation:
where subscript i denotes the cohort ( = 1, 2, … , 38), +1 is the interest rate from period to period + 1, and Δ ln , +1 , Δ ln , +1 , and Δ ln , +1 are the rates of change in consumption, housing wealth, and cohort characteristics, respectively. 23 As in Section 4.1, all monetary variables are in real terms. 24 Note that net financial wealth is dropped from the right-hand side of eq. (2) to ensure that the number of households in each cohort cell is at least 100. 25 As for any remaining possible omitted variable biases, since we take first differences in eq. (2), all timeinvariant factors that might affect the dependent variable, such as household preferences, are controlled for. In addition, in the standard consumption Euler equation, the growth rate of consumption is not dependent on permanent income, which was a potential source of endogeneity in the cross-section analysis. However, there is still at least one variable the omission of which in eq. (2) gives rise to concern, namely, endogenous changes in the quantity of housing (or land area in our case). That is, as highlighted by Paiella and Pistaferri (2017) , changes in wealth can be decomposed into (a) changes in asset prices for a given quantity of assets, and (b) changes in the quantity of assets at a given price. While the former can be considered as exogenous to households, the latter, in most cases, is not exogenous. As discussed in Section 3, although we already dropped households from our sample that purchased a house that is no more than a year old, households that purchased a used house that is more than one year old are still left in our sample. This could be problematic since such households may also have engaged in purchases of durable goods such as a refrigerator or washing machine or of nondurable goods such as curtains when they moved in. It is crucial to hold the quantity component of assets (in our case, the land area measured in square meters) constant to obtain a consistent estimator for housing wealth effects. In what follows, we take advantage of our data structure, which allows us to decompose the growth rate of housing wealth (Δ ln , +1 ) into two parts: the change in land prices per square meter (Δ ln , +1 ) 26 and the land area measured in square meters (Δ ln , +1 ). 27 This data structure enables us to eliminate the spurious housing wealth effects driven by endogenous changes in land area. Note that many previous studies relying on self-reported and regional average values of housing wealth fail to distinguish between these two changes, i.e. exogenous price changes for a given quantity and endogenous quantity changes at a given price (the notable exception is Paiella and Pistaferri 2017) . 28 Against this background, eq. (2) is modified as follows:
where the quantity component of housing wealth, the land area in our case (given that housing wealth is the product of the quantity and price of land) is fixed at the average over time for cohort , so that Δ ln , +1 = 0 for all . As a robustness check, we also estimate the following first difference versions of eq. (3):
wherēis the average land area over time for cohort i. In eq. (5), changes in land prices per square meter from time to + 1 are multiplied by the land area at time , which is another possible way to keep the land area constant. 29 Figure 3 provides a graphic illustration of the relationship between the rate of change in land prices per square meter and the rate of change in nondurable (left panel) and total consumption (right panel). The sample regression lines clearly show a positive relationship between the variables. However, we can only draw definitive conclusions about the relationship after controlling for other factors such as changes in household characteristics and aggregate effects. (2) and (3) using the pseudo-panel we constructed. The estimates can be interpreted as elasticities of consumption with respect to housing wealth, and the implied MPCs are reported at the bottom of the table. In specifications (1) through (4), in which the key independent variables are the rate of change of housing wealth (Δ ln , +1 ), the implied MPCs out of housing wealth using the estimated elasticities are 0.0013 and 0.0049 for nondurable and total consumption, respectively. These pseudopanel estimates are almost equal to or slightly larger than the estimated MPCs derived from the cross-sectional analysis in Table 2 , which are 0.0012 and 0.0035, implying that the OLS estimator in eq. (1) may be downward biased due to the omission of time-invariant household preferences. As for differences in the responses of the young and the old, specifications (2) and (4) show that older households' consumption responds to a greater extent to changes in housing wealth than younger households' consumption and that the MPCs for the young are slightly negative. Given that about 28% of households in our sample are renters, a possible interpretation of the negative MPC in terms of the LC/PIH is that it reflects forward-looking behavior in that renters increase their saving (and cut back consumption) in order to be able to purchase more expensive houses in the future. In specifications (5) through (8), our main explanatory variable, the rate of change of housing wealth, is replaced by the rate of change of the price of land per square meter to avoid the possible endogeneity arising from endogenous changes in the land area that households own. The implied MPCs are 0.0012 and 0.0082 for nondurable and total consumption, respectively, and the consumption responses are again larger for older households. Table 4 presents the estimation results based on the first difference specification given in eqs. (4) and (5). In this table, the estimates are interpreted as MPCs out of housing wealth. In specifications (1) to (4), where the land area is fixed at the average over time for each cohort, the MPCs are 0.0008 for nondurable and 0.0059 for total consumption, and again the estimates are larger for older households in both cases. In specifications (5) to (8), in which the land area takes the value at time , the estimated MPCs are approximately 0.0010 for nondurable and 0.0068 for total consumption. Although the differences between the MPCs for younger and older households in specifications (6) and (8) are not statistically significant, the point estimates for younger households are smaller than for older households.
Table 3:
Regression results (pseudo-panel data, log-log specification). 
Notes:
In all specifications, the real interest rate, the rate of change of the previous year's pretax income, family size, the number of working household members, the number of household members aged 15 or below, and the number of household members aged 65 or above are included. In addition, dummies for two-year intervals are also added to eliminate aggregate effects. The MPCs are calculated by multiplying the estimated elasticity by the consumption-housing wealth ratio. Robust standard errors are in parentheses. ***, ** and * indicate statistical significance at the 1, 5 and 10% levels respectively. The results of the test that examines whether the elasticity of consumption with respect to housing wealth for young households is statistically different from zero are shown at the bottom of the table.
Table 4:
Regression results (pseudo-panel data, first-difference specification). 
Notes:
In all specifications, the real interest rate, the first difference of the previous year's pretax income, family size, the number of working household members, the number of household members aged 15 or below, and the number of household members aged 65 or above are included. In addition, dummies for two-year intervals are also added to eliminate aggregate effects. Robust standard errors are in parentheses. ***, ** and * indicate statistical significance at the 1, 5 and 10% levels, respectively. The results of the test that examines whether the MPC out of housing wealth for young households is statistically different from zero are shown at the bottom of the table.
In summary, the finding that a larger effect of housing wealth on consumption is observed for older households remains unchanged even in the pseudo-panel analysis, which differs from the conflicting results obtained by Attanasio et al. (2009), and Campbell and Cocco (2007) . In addition, the MPCs out of housing wealth in the pseudo-panel analysis are 0.0008-0.0013 for nondurable consumption and 0.0059-0.0082 for total consumption, values that are almost equal to or slightly larger than the estimates obtained in the cross-sectional analysis and are smaller than the MPCs reported for other developed countries (see Section 2.1).
Regarding the estimates obtained in this study, it should be noted that the FIES only contains information on households' home. That is, if households own other properties that are rented out, only the value of the house in which they live is included in our estimated value of housing wealth. As already mentioned in footnote 8, according to the 2009 NSFIE, the estimated mean value of owner-occupied homes was approximately 20 million yen, while the estimated value of non-owner occupied homes was about 5 million yen, which is a non-negligible amount. In fact, Gan (2010) , using microdata for Hong Kong, found that housing wealth effects are larger for households owning multiple houses than a single house. It should therefore be kept in mind that our estimates are somehow downward-biased.
Further Evidence: Homeowners vs. Renters
In the previous subsections, MPCs out of housing wealth were estimated for all sample households and compared across age groups, following the empirical strategy by Attanasio and Weber (1994) . However, a more prudent method to examine housing wealth effects is to estimate MPCs for homeowner and renter households separately. While higher house prices may encourage renter households to save more in order to be able to afford their own home in the future, higher house prices may also have the opposite effect, if renters feel that buying a home is increasingly out of reach, they give up saving for a home, and increase their consumption instead. Therefore, in this subsection, we conduct our cross-sectional and pseudo-panel analyses separately for homeowner households and renter households as a robustness check of our wealth effect estimates. Table 5 shows the regression results based on the cross-sectional data when the sample is confined to homeowners. In specifications (2) and (6), the MPCs out of housing wealth are 0.0009 (nondurable consumption) and 0.0027 (total consumption), which are significant but slightly smaller than the corresponding estimates in Table 2, which are based on the sample including renters. Further, as before, we find that the estimated MPCs are larger for older than for younger households, which is consistent with the LC/PIH (pure wealth effects hypothesis). Table 6 summarizes the regression results based on the cross-sectional data when the sample is confined to renters. Since housing wealth for renters is zero, we cannot simply run a regression using housing wealth as an independent variable. To circumvent this issue, we replace it with the average housing wealth in the city where renters reside. According to the estimates using specifications (2) and (6), the MPCs out of housing wealth are 0.0002 (nondurable consumption) and 0.0011 (total consumption). Both values are statistically significant and positive, but very small. This means that renters living in a region where the cost of purchasing a house is higher than in other regions tend to consume slightly more, holding all other factors constant. At first glance, this might appear consistent with an expectations-based explanation, a variant of the third-factor hypothesis. That is, positive news regarding future income simultaneously boosts both spending by renters and land prices. However, this cannot be the case, since the MPCs for young households are smaller (not larger) than for older households, which contradicts the prediction derived from the third-factor hypothesis. Table 6 : Regression results (cross-sectional data, renters only). There are at least two ways to interpret the result. The first possibility is that renters faced with higher house prices tend to consume more because they have given up on buying their own home one day and increase their non-housing expenditure instead. If this tendency is observed more strongly for older than for younger households, this interpretation could be a possible explanation for the estimation results in Table 6 . Another possibility is that the statistically significant positive estimates in Table 6 are spurious and contaminated by omitted variable biases. To examine which interpretation is correct, in specifications (4) and (8) we further confine the sample to those aged 65 or older and find that the MPCs are no longer statistically different from zero. This suggests that the estimates in specifications (2) and (6) are possibly biased upward due to the omission of permanent income. While it would be interesting to investigate in more detail which of the possible interpretations is more reasonable, we leave this issue for future research, since renters' response to changes in housing prices is not the main focus of our study.
It is also possible to confine the sample to homeowners and create pseudo-panel data just as in Section 4.2. (On the other hand, the number of renter households is too small to construct a pseudo-panel.) Table 7 and Table  8 display the regression results based on the constructed pseudo-panel data for homeowner households. The estimated MPCs are 0.0005-0.0015 (nondurable consumption) and 0.0052-0.0074 (total consumption). These estimates are statistically significant and similar to those obtained from the sample including renters. Furthermore, as in Table 3 and Table 4 , the MPCs tend to be larger for older than for younger households. Table 7 : Regression results (pseudo-panel data, log-log specification, homeowners only). 
Notes:
See notes for Table 3 . Table 8 :
Regression results (pseudo-panel data, first difference specification, homeowners only).
Dependent variable:
(1) 
Notes:
See notes for Table 4 .
In sum, since the estimation results remain largely unchanged even when we exclude renters from the sample both in the cross-sectional and pseudo-panel analyses, we conclude that our main finding still holds that the most plausible explanation for the observed comovement between housing wealth and household consumption in Japan appears to be pure wealth effects.
Macroeconomic Implications
As shown in Figure 1 , Japan experienced a rapid increase in land prices per square meter during the period 1986-1991 and a significant drop during the years 1991-1994. In this subsection, we examine to what extent the volatile movement in land prices per square meter during the asset bubble and its aftermath affected household consumption by utilizing the estimates obtained above. Note that since the microdata used in other studies on Japan, such as data from the JPSC and KHPS, do not cover the period mentioned above, in particular the bubble period, 30 this, to the best of our knowledge, is the first attempt to investigate the extent to which changes in land prices contributed to the dynamics of household consumption during the bubble and its collapse based on microdata.
The results of this exercise are summarized in Table 9 . From 1986 to 1991, the average nominal land price per square meter rose by 154%. Multiplying this by 0.0688, which is the estimated elasticity of total consumption with respect to land prices per square meter obtained in specification (7) in Table 3 , suggests that the increase in land prices boosted consumption by 10.6%. Combining this with the fact that the actual growth rate of final consumption expenditure of households (excluding the imputed service of owner-occupied dwellings) during this period was 33.8%, this back-of-the-envelope calculation implies that about 31% of the growth rate of household consumption during the bubble period is explained by the surge in land prices, 31 which is consistent with the adjusted 2 derived from specification (7) in Table 3 , 0.29. 1986-1991 154% 10.6% 33.8% 31% 1991-1994 -41% -2.8% 8.9% n.a.
Note: The elasticity of total consumption with respect to land prices per square meter is taken from specification (7) in Table 3 .
The second row in Table 9 shows the result of the same exercise for the period 1991-1994. Our estimate indicates that the drop in land prices reduced household consumption by 2.8%. Given that actual household consumption continued to grow by 8.9% between 1991 and 1994, our estimate suggests that during this period the decline in land prices simply lowered the rate of increase in household consumption; that is, household consumption would have increased by 2.8% more if land prices had remained unchanged.
Conclusion
This paper examined to what extent household consumption responds to changes in housing wealth using Japanese microdata covering approximately 500,000 households over the period 1983-2012. The cross-sectional analysis revealed that, keeping other factors fixed, households with greater housing wealth spend more, and the estimated MPCs are 0.0012 for nondurable and 0.0035 for total consumption. In addition, the comparison of consumption patterns between younger and older households showed that the estimates for older households were larger than those for younger households, which is consistent with the pure wealth effects hypothesis.
In addition, as a robustness check, we conducted regression analyses using pseudo-panel data constructed from the cross-sectional FIES data. The derived MPCs are 0.0008-0.0013 for nondurable consumption and 0.0059-0.0082 for total consumption and, again, the consumption of older households was found to be more responsive to changes in housing wealth than that of younger households.
We also investigated to what extent the swings in land prices influenced household consumption during the bubble period and the period following the collapse of the bubble based on the estimates obtained in Section 4. The results show that about 31% of the growth rate of household consumption during the bubble period is explained by the surge in land prices and that household consumption would have increased by 2.8% more if land prices had remained unchanged following the collapse of bubble.
Judging from these regression results, it appears that housing wealth effects can be observed in Japan, but they are weaker than in other developed countries. Moreover, the pure wealth effects channel provides the most plausible explanation for the positive relationship between consumption and housing wealth, which is consistent with the findings by Campbell and Cocco (2007) .
A Appendix: Estimation process for land and house values
As mentioned in Section 2.2, since the FIES does not contain information on households' housing wealth, we estimated it by matching the FIES data with several official statistics. Housing wealth consists of two parts: a house (building) and the land on which it sits. In this appendix, we provide a detailed description of the estimation process employed to obtain land and house values, respectively.
Land values
We calculate the value of the piece of land a household owns by multiplying the price of residential land in the area where the household lives by the area of land owned by the household. Suppose that a household reports that the piece of land on which its house sits measures 200 m 2 . In theory, all we have to do is to multiply this with the price of residential land where the household lives. Unfortunately, the FIES does not contain such information on the price of land, and the exact location where the household lives is also unclear. To deal with this issue, we first determine the approximate address where a household lives (to the greatest level of precision possible using multiple official statistics) and use the price of residential land at the closest survey location in the LMVP as the relevant land price. More precisely, we employ the following strategy.
First, although the FIES does not provide the exact address where households live, it provides information on the prefecture number, city number, and two enumeration district (chosa-ku) numbers taken from the Population Census from which households are chosen randomly. 32 An enumeration district covers approximately 50 households and its maximum area is restricted to 1 km 2 . Figure 4 illustrates how we identify the approximate address where household X lives in City A in the case that the address of household X belongs to either the enumeration district number 1571 or 1572. Since again an enumeration district contains approximately 50 households and the maximum area of a district is restricted to 1 km 2 , we can pinpoint the address where household X lives to the extent that it must be one out of 100 possible households and to within 2 km 2 . Unfortunately, no further information is available to identify which of the 100 households was actually surveyed (household X). However, we need the address where household X (presumably) lives to estimate the value of the land that household X owns. To assign an address to household X, we employ the following algorithm. First, among the two enumeration district numbers, we choose the smaller number (in the case of Figure 4 , it is 1571). Second, if the selected enumeration district (1571) contains several addresses as shown in Figure 4 , we pick the address presented at the top of the list. In this way, we obtain the approximate address at which household X lives, that is, 1-1-1 City A, in this case. It should be kept in mind that our methodology of identifying the approximate address at which household X lives is not immune to measurement error in the sense that the actual address may be, say, 1-1-3 City A, of enumeration district number 1572. However, we believe that under the circumstances this is the best methodology to determine the approximate address of household X.
Having identified the approximate address at which household X lives (1-1-1 City A), we next find the closest survey location in the LMVP provided by the Japanese government. The LMVP annually reports land prices per square meter (of 5,000-20,000 residential sites) all over Japan as of January 1 and is widely used as a benchmark for land transactions. Suppose there are six survey locations in City A, which are represented by the small squares in Figure 5 , with the price of residential land in each location shown in parentheses. In this case, the closest survey location from the approximate address where household X lives is the one located 700 m away, where the price of residential land is 150,000 yen (about 1,500 U.S. dollars) per square meter. We therefore assume that the price of residential land in 1-1-1 City A, where household X owns its home, is also 150,000 yen per square meter. Finally, multiplying the land price per square meter (150,000 yen) thus obtained by the land area that household X reports in the FIES (say, 200 m 2 ) yields the value of land household X owns (30,000,000 yen). Estimating the value of land that households own presents two potential pitfalls. The first of these concerns the absolute size of any measurement error in land values, since measurement error in an explanatory variable biases coefficient estimates for that variable toward zero. In our approach, we tried our best to minimize such potential measurement error to the greatest extent possible employing the procedure just described rather than using the average land price at the municipality level. The second potential pitfall concerns the relative size of any measurement error in land values between households residing in urban areas and those residing in rural areas. If the measurement error in land values for households residing in urban areas, whose heads tend to be young, is larger than that for households residing in rural areas, whose heads tend to be older, our main finding that the MPC out of housing wealth is larger for older than for younger households could be spuriously driven by the larger measurement error in land values for younger households. 33 Regarding this second potential pitfall, note that there may be two different types of measurement error in estimated land values. The first stems from the fact that we may have misidentified the address at which household X lives. Unfortunately, there is no way to gauge the absolute size of this type of measurement error, since the actual address where household X lives is unknown. However, it is clear that the size of enumeration districts containing about 50 households is larger in rural areas than in urban areas, meaning that the measurement error in land values is bound to be larger for households residing in rural areas.
The second type of potential measurement error in estimated land values springs from the distance between the approximate address at which household X lives and the closest survey location in the LMVP. In general, the closer the survey location in the LMVP is, the smaller the measurement error in estimated land values is likely to be. To check that the distance in our sample is sufficiently short and that the distance is longer in rural areas, Table 10 presents summary statistics of the distance between households' approximate address and the closest survey location in the LMVP by prefecture. To construct Table 10 , we restrict the sample to homeowners, since we are now focusing on the measurement error in the value of land households own. The left-hand side of Table 10 provides descriptive statistics for the full sample consisting of all homeowners for the period 1983-2012. As can be seen, there is substantial heterogeneity in the mean distance across prefectures. For instance, while the mean distance is less than 0.5 km in Tokyo (#13) and Osaka (#27), it is more than 2 km in some rural prefectures such as Shimane (#32) and Ehime (#38). The mean (median) distance for Japan as a whole is 1.09 (0.53) km. Next, the right-hand side of Table 10 presents descriptive statistics when households living in towns and villages are excluded. 34 The figures indicate that excluding households living in town and village shortens the prefectural mean distance. (The mean distance for Japan overall becomes 0.7 km). This implies that there is also heterogeneity within prefectures in the sense that households living in towns or villages increase the prefectural mean distance. In summary, we need to bear in mind that while the mean (median) distance for Japan as a whole is 1.09 (0.53) km, measurement error in land values may be severer for households in rural areas, since there are fewer survey locations in the LMVP close to households' approximate address. The two pieces of evidence presented above suggest that the measurement error in land values is larger for households residing in rural areas, whose heads tend to be older than those residing in urban areas, whose heads tend to be younger. However, note that it is also possible that the cross-sectional variation in land prices is smaller in rural areas than in urban areas. To examine this possibility, we calculate the coefficient of correlation between the prefectural means of land prices per square meter and their variation within each prefecture measured by the coefficient of variation over the period 1983-2012 and find that it is 0.52. Thus, we find that the cross-sectional variation of land prices per square meter is indeed larger in urban than in rural areas.
In sum, there are two competing factors affecting the relative sizes of the measurement error in land values for younger and older households: one making the measurement error larger for older households, and the other making it larger for younger households. Unfortunately, it is extremely difficult to test which factor dominates, since the measurement error in land values is essentially unobservable.
Therefore, since we cannot determine the relative sizes of the measurement error, we use an alternative strategy. Specifically, we restrict the sample to households for which the size of measurement error in land values is likely to be similar and conduct the same estimations as in Table 2 , Table 3 , and Table 4 . If we still find that the MPC for older households is larger than that for younger households in this restricted sample, we conclude that our main finding is not driven by differences in the size of the measurement error in housing wealth between younger and older households. More specifically, we first drop households living in less-populated areas (towns or villages), which reduces the number of households by 26,132. We then further drop households residing in densely populated prefectures (Saitama, Tokyo, Chiba, Kyoto, Osaka, Hyogo, and Hiroshima), which reduces the number of households by another 80,022. The remaining sample contains households that live in areas with similar population densities. For convenience, we call these areas with medium population densities.
Using the sample containing only households residing in areas with medium population densities, we find that the difference in MPCs between younger and older households is still statistically significant in 6 out of the 10 specifications. 35 We therefore conclude that our main finding that the MPC for older households is larger than that for younger households is not driven by differences in the size of measurement error in land values between younger and older households.
House values
As explained in Section 2.2, to calculate the house (building) value, we match the FIES data with data on average construction costs (by type of building structure, municipality, and year) reported in the ARBC . We essentially calculate house values by multiplying the construction cost per square meter by the total floor space homeowners report. For example, suppose there is a household that lives in Shibuya, Tokyo, and owns a wooden house constructed in 1990 with a total floor area of 100 m 2 . According to the ARBC, the (nominal) construction cost of wooden houses per square meter in Shibuya in 1990 was about 181,000 yen (about 1,810 U.S. dollars). Thus, in this case, the nominal value of the house when it was constructed is calculated as 181,000 yen×100 m 2 = 18,100,000 yen (about 181,000 U.S. dollars).
In addition, in contrast to land, the value of houses depreciates over time due to physical wear and tear. To incorporate physical depreciation into the calculation of house values, we estimate depreciation rates by type of building structure based on the statutory expected lifetime of buildings provided by the "Ministerial Ordinance Concerning the Durable Years of Depreciable Assets." For instance, as shown in Table 11 , the expected lifetime of wooden structures is 22 years. In this case, we estimate the depreciation rate for wooden structures so that the remaining value of houses is 10% of the original value 22 years after construction. In other words, we solve the following nonlinear equation for , (1 − ) 22 = 0.1, and obtain ≅ 0.099. In the example above, suppose the household is surveyed in 2000, so that the wooden house it owns is 10 years old. In this case, the nominal value of the house when the household was surveyed is calculated to be about 6,380,000 yen (about 63,800 U.S. dollars) ≅ 18,100,000 yen × (1−0.099) 10 . Finally, for the estimation, calculated nominal house values are converted into real values using prefectural CPIs. Note that the estimation process for house values is also not immune to measurement error, for the following two reasons. First, since we employ municipality average data for construction costs by type of structure, heterogeneity within a municipality is not controlled for. It is possible that some houses in City A are built using high-quality woods that are expensive and depreciate slowly over time, whereas other houses also in City A are built using low-quality woods that are cheap and depreciate quickly over time. Averaging the construction costs over a municipality eliminates this type of heterogeneity, leading to measurement error in house values. Second, information on whether a house has been renovated since it was built is not available in the FIES. Failure to take into account whether houses have been renovated undervalues the value of houses that have been renovated. We leave it for future research to control for this type of heterogeneity within a municipality when estimating house values.
Notes
household head worked for as a robustness check and found that the estimates for housing wealth were quite similar to the results shown in Table 2 . 21 In specification (1) and (5), the sample needs to be confined to the households in which net financial wealth is available in order to rigorously evaluate the effect of not controlling for net financial wealth. This exercise leads to the estimates, 0.00123 for nondurable consumption and 0.0372 for total consumption. 22 One might argue that once net financial wealth -one of the most important factors determining individuals' or households' borrowing constraints -is controlled for in the regression, the age of the household head should no longer have any impact on whether the household is borrowing-constrained. However, the young may still have a higher probability of being borrowing-constrained since (i) they have a less well-established credit history and (ii) given that earnings profiles are typically upward sloping, their consumption level tends to be higher than the currently available resources. In fact, Jappelli (1990) , using the U.S. Survey of Consumer Finance, shows that a one year increase in age is associated with a 0.5% point lower probability of being borrowing-constrained, holding other factors including asset holdings constant. 23 Specifically, Δ ln , +1 contains the rates of change of the previous year's pretax household income, family size, the number of working household members, the number of household members aged 15 or under, and the number of household members aged 65 or above. In addition, dummies for two-year intervals -for example, an 83-84 dummy that takes a value of one if the year is 1983 or 1984 -are included to eliminate aggregate factors. The reason for using these dummies is that regular year dummies cannot be included, since they are perfectly correlated with the real interest rate. 24 The real interest rate is calculated by subtracting the ex-post CPI inflation rate from the nominal interest rate provided by the Bank of Japan. 25 As shown in Section 2, 81.8% of all households surveyed from 1983 to 2001 did not provide information on their financial wealth. Thus, limiting the sample to households for which information on financial wealth is available leads to a very small sample size. 26 Each cohort cell consists of at least 100 households and for each household in a cell information on the price of land per square meter at the closest location in the LMVP to their residence is available. Thus, for example, ,1984 is the average land price for households belonging to cohort in 1984 and Δ ln ,1984 is the growth rate of the average land price between 1983 and 1984. 27 Note that changes in housing wealth also derive from changes in house (building) value. However, as shown in Table 1 , the value of land (and not the house) accounts for approximately 85% of housing wealth in Japan, so that changes in house values are omitted for simplicity. 28 Mian, Rao, and Sufi (2013) propose another elegant way to tackle the endogeneity problem caused by failing to hold the quantity of assets constant. Focusing on the United States, they instrument changes in housing wealth by the price elasticities of housing supply using county-level microdata. 29 In the log-log specification, it is also possible to regress Δ ln , +1 on (Δ ln , +1 ) , . However, the estimates are not reported in Table  3 , since they cannot be interpreted as elasticities of consumption with respect to housing wealth, meaning that we cannot obtain MPCs. 30 The JPSC and KHPS started in 1993 and 2004, respectively. 31 In a similar vein, Mian, Rao, and Sufi (2013) , using county-level data for the United States, conclude that almost 40% of the decline in total consumption relative to trend from 2006 to 2009 was due to the fall in home values. 32 To be precise, about 87% of our sample households have two enumeration district numbers, while about 10% have only one enumeration district number (the remaining households have more than two). The mean number of enumeration districts to which households are assigned in our sample is 1.95. 33 We thank the anonymous referee for pointing out this issue. 34 Broadly speaking, there are three types of municipalities in Japan: cities (including wards), towns, and villages. In general, cities have the largest population, followed by towns, while villages have the smallest population. 35 In the original estimations shown in Table 2, Table 3, and Table 4 , the difference in MPCs between younger and older households is statistically significant in 7 out of the 10 specifications.
